Industrial robots are mainly employed to perform repetitive and hazardous production jobs, multi-shift operations etc. to reduce the delivery time, improve the work environment, lower the production cost and even increase the product range to fulfill the customers' needs. When a choice is to be made from among several alternative robots for a given industrial application, it is necessary to compare their performance characteristics in a decisive way. As the industrial robot selection problem involves multiple conflicting criteria and a finite set of candidate alternatives, different multi-criteria decision-making (MCDM) methods can be effectively used to solve such type of problem. In this paper, ten most popular MCDM methods are considered and their relative performance are compared with respect to the rankings of the alternative robots as engaged in some industrial pick-n-place operation. It is observed that all these methods give almost the same rankings of the alternative robots, although the performance of WPM, TOPSIS and GRA methods are slightly better than the others. It can be concluded that for a given industrial robot selection problem, more attention is to be paid on the proper selection of the relevant criteria and alternatives, not on choosing the most appropriate MCDM method to be employed.
Introduction
An industrial robot is a reprogrammable multifunctional manipulator designed to move materials, parts, tools or other devices by means of variable programmed motions and to perform a variety of other tasks (Rao, 2007) . Industrial robots can perform repetitious, difficult and hazardous tasks (like assembly, machine loading, material handling, spray painting and welding) with precision, and can also significantly improve quality and productivity of the manufacturing organizations. Robots with varying capabilities and specifications are now available in the market dedicated to perform a wide range of operations. Selection of the robot to suit a particular application and manufacturing environment from a large number of candidate alternatives has now become a challenging task. Since a huge amount of initial investment is required for robot acquisition and installation, appropriate robot selection calls for a careful examination and assessment of the requirements as well as characteristics of the alternatives, which is a process that can only be achieved from the use of quantitative tools. The complexity of the problem can be better understood when one realizes that there are over 75 attributes that are to be considered while selecting a robot for a particular industrial application (Bhangale et al., 2004) . Among these attributes, cost, load carrying capacity, velocity, weight of the robot, material of robot, drive systems, size of the robot, accuracy of the robot, geometrical dexterity, path measuring systems, programming flexibility, man-machine interface and availability of the diagnostic software are considered to be the most important ones. Many of these attributes are conflicting in nature and have different units, which cannot be unified and compared as they are. Thus, the decision makers are experiencing difficulties in determining the most suitable robot alternative due to the involvement of a large number of conflicting and non-commensurate robot performance characteristics.
Although a good amount of research work has been carried out in the past on solving industrial robot selection problems using different mathematical approaches, specially employing multi-criteria decision-making (MCDM) methods, very little attempt has been made to compare the relative performance of the MCDM methods while solving the decision-making problems. This paper mainly focuses on comparing the relative performance of ten most well-known MCDM methods with respect to the observed rankings of the alternative robots for a given pick-n-place operation (Bhangale et al., 2004) . In this paper, attempts are made to find the answers of the questions, like a) Which MCDM method is more appropriate for solving the industrial robot selection problem? and b) Does the best robot selection decision change while using different MCDM methods? Agrawal et al. (1991) proposed a robot selection procedure to rank the alternatives in a shortlist by employing TOPSIS (technique for order preference by similarity to ideal solution) method. An expert system was also developed to assist the decision maker to establish priorities and visualize the selection process at various stages. Khouja (1995) applied data envelopment analysis (DEA) to identify the robots with the best combination of vendor specifications based on the robot performance parameters. Then, a multi-attribute decision-making method was adopted to select the best robot. Zhao et al. (1996) combined a multi-chromosome genetic algorithm with first-fit bin packing algorithm for solving the robot selection and workstation assignment problems for a computer integrated manufacturing system. Goh et al. (1996) developed a revised weighted sum decision model taking into account both the objective and subjective attributes while selecting a robot for an industrial application. Baker and Talluri (1997) proposed an industrial robot selection methodology based on cross efficiencies in DEA without considering the criteria weights or the decision maker's preferences. Goh (1997) applied analytic hierarchy process (AHP) for robot selection that could simultaneously consider both the objective and subjective attributes. Braglia and Petroni (1999) proposed a methodology for selection of industrial robots using DEA which aims at identification of the best robot by measuring the relative efficiency for each robot through the resolution of linear programming problems. Parkan and Wu (1999) presented the applications and interrelationship of the operational competitiveness rating and TOPSIS methods in a robot selection problem, and compared their performance with other approaches. Khouja and Kumar (1999) proposed a robot selection model, which would, in turn, give the decision maker the option of replacing the selected robot with a better one during the life of products with uncertain demand. Braglia and Gabbrielli (2000) considered the applicability of a mathematical method based on dimensional analysis theory to robot selection problems. Talluri and Yoon (2000) utilized a combination of the cone-ratio DEA which would integrate the decision maker's preferences, and a new methodological extension in DEA for selection of industrial robots. Chu and Lin (2003) proposed a fuzzy TOPSIS method for robot selection, where the ratings of various alternatives with respect to different subjective criteria and the weights of all the criteria had been assessed using fuzzy numbers. Bhangale et al. (2004) presented a robot selection methodology using TOPSIS and graphical methods, and compared the relative rankings of the alternative robots as derived using those two methods. Bhattacharya et al. (2005) integrated AHP and quality function deployment (QFD) methods for solving industrial robot selection problems, while considering seven technical requirements and four alternative robots. Karsak and Ahiska (2005) applied a practical common weight MCDM methodology with an improved discriminating power for robot selection. It was observed that the proposed methodology could enable further ranking of the DEA-efficient decision-making units with a notable saving in computations compared with cross-efficiency analysis. Rao and Padmanabhan (2006) employed the diagraph and matrix methods for evaluating and ranking of the alternative robots for a given industrial application. Kahraman et al. (2007) developed a hierarchical fuzzy TOPSIS method to solve the multi-attribute robot selection problems. Karsak (2008) proposed a decision model for robot selection based on QFD and fuzzy linear regression methods while integrating the user demands with the technical characteristics of the robots. Chatterjee et al. (2010) applied two MCDM methods, i.e. VIKOR (VIse Kriterijumska Optimizacija kompromisno Resenje) and ELECTRE II (ELimination and Et Choice Translating REality) to solve robot selection problems. Kumar and Garg (2010) proposed a deterministic quantitative model based on distance-based approach for evaluation, selection and ranking of robots. Koulouriotis and Ketipi (2011) developed a fuzzy digraph method for robot evaluation and selection according to a given industrial application. Singh and Rao (2011) developed a hybrid decision-making technique combining graph theory and matrix approach, and AHP method. Kentli and Kar (2011) applied satisfaction function and a distance measure technique for solving the robot selection problems. Rao et al. (2011) proposed a subjective and objective integrated multiple attribute decision-making method for robot selection. Karni et al. (1990) applied AHP, simple additive weighting (SAW), ELECTRE and weighted linear assignment method (WLAM) to three real time cases and observed that the AHP, SAW and ELECTRE rankings did not differ significantly, however, the WLAM would tend to exhibit more disagreement. Guitouni and Martel (1998) proposed a conceptual framework for articulating tentative guidelines to choose an appropriate MCDM method and presented the results of the comparison of some well-known multi-criteria aggregation procedures on the basis of these guidelines. Zanakis et al. (1998) compared the performance of eight MCDM methods, e.g. ELECTRE, TOPSIS, multiplicative exponential weighting (MEW), SAW and four versions of AHP (original vs. geometric scale and right eigenvector vs. mean transformation solution), and observed that all the AHP versions behaved similarly and closer to SAW than the other methods. ELECTRE was the least similar to SAW, followed by MEW. TOPSIS behaved closer to AHP and differently from ELECTRE and MEW, except for problems with few criteria. Raju and Pillai (1999) compared the ranking performance of some MCDM methods, e.g. ELECTRE II, preference ranking organization method for enrichment evaluation (PROMETHEE II), AHP, compromise programming (CP) and EXPROM II (extension of PROMETHEE II in distance-based environment) using Spearman's rank correlation coefficient value. Hajkowicz and Higgins (2008) employed SAW, range of value method, PROMTHEE II, Evamix and CP to six water management decision problems, and suggested that more emphasis has to be given on the initial structuring of the decision problem, involving choosing the relevant criteria and alternative decisions. Caterino et al. (2009) compared the relative performance of eight MCDM methods, e.g. TOPSIS, weighted sum method, weighted product method, ELECTRE, multi-attribute utility theory, VIKOR, PROMETHEE I and PROMETHEE II for seismic retrofit of structures. TOPSIS and VIKOR methods seemed to be more appropriate for solving the retrofit selection problem because they are more capable to deal with each kind of judgment criteria, having clarity of results and easiness to deal with attributes and decision options.
Literature review

MCDM methods
Multi-criteria decision-making refers to making decisions in the presence of multiple conflicting criteria. An MCDM method ranks the alternatives and the highest ranked one is recommended as the best alternative to the decision maker. In strategic planning, various MCDM methods are presently being applied which can also be effectively used to select the most appropriate robot for a given industrial application. But the vast array of available MCDM methods, of varying complexity and possibly solutions, confuses the potential decision maker. Several MCDM methods may appear to be suitable for a particular robot selection problem. Hence, the decision maker also faces the problem of selecting the most appropriate MCDM method from among several feasible alternatives.
The performance of different MCDM methods may be compared along varied dimensions, such as perceived simplicity, trustworthiness, robustness and quality. In this paper, in order to compare the ranking performance of different MCDM methods while solving a pick-n-place type of industrial robot selection problem, the following ten MCDM methods are considered. The computational details of these MCDM methods are presented here-in-under.
Simple additive weighting method
Any MCDM problem can be represented by a matrix (X) consisting of m alternatives and n criteria.
where ij x is the performance measure of i th alternative on j th criterion. In MCDM methods, it is also required to determine the priority weight (w j ) of each criterion such that the sum of weights for all the criteria equals to one. These priority weights can be determined using AHP or entropy method (Rao, 2007) . In SAW method, each alternative is assessed with respect to every criterion. The overall performance score (P i ) of i th alternative is calculated as follows:
where ( ) ij normal x is the normalized value of ij x . The alternative having the highest P i value is the best choice.
Weighted product method
This method is similar to SAW method. The main difference is that, instead of addition, there is multiplication in this method. The overall performance score (P i ) for i th alternative is computed as below:
Here, the normalized value of i th alternative on j th criterion is raised to the power of the relative weight of the corresponding criterion. The best alternative is the one having the highest P i value.
Analytic hierarchy process
The AHP method (Saaty, 1980) involves a general theory of measurement, which is used to derive ratio scale from both the discrete and continuous paired comparisons in multi-level hierarchical structures. The procedural steps of AHP are as follows:
Step 1: Define the problem and structure the corresponding hierarchy with a goal/objective at the top level, criteria and sub-criteria at the intermediate levels and alternatives at the lowest level.
Step 2: a) Construct a set of pair-wise comparison matrices for each level in the hierarchy and make all the pair-wise comparisons using the fundamental scale of absolute numbers from 1 to 9. An element when self-compared is assigned a value of one. Assuming that there are N number of criteria in a decision-making problem, the pair-wise comparison of i th criterion with respect to j th one yields a square matrix, A 1 , where a ij = 1 when i = j and a ji = 1/a ij (a ij is the comparative importance of i th criterion with respect to j th one).
b) Find the relative normalized weight (w j ) for each criterion by (i) calculating the geometric mean of i th row, and (ii) normalizing the geometric mean of rows in the pair-wise comparison matrix. This can be represented by the following equations: e) Calculate the consistency index (CI) as follows:
The smaller is the value of CI, the smaller is the deviation from consistency.
f) Calculate the consistency ratio as CR = CI/RI, where RI is the random index obtained by different orders of the pair-wise comparison matrices. Usually, a CR of 0.1 or less is considered as acceptable which reflects an unbiased judgment of the decision maker.
Step 3: Compare the alternatives pair-wise with respect to how much better they are in satisfying each of the considered criterion.
Step 4: Obtain the overall performance score for an alternative by multiplying the relative normalized weight (w j ) of each criterion with its corresponding normalized weight value for each alternative and summing up over all the criteria for the alternative. A ranking of the alternatives is obtained in descending order, depending on the overall performance scores indicating the best and the worst choices for a given problem.
TOPSIS method
This method is based on the concept that the chosen best alternative should have the shortest Euclidean distance from the ideal solution and is the farthest from the negative ideal solution. The main steps involved in TOPSIS method are presented as below:
Step 1: Determine the goal/objective of the problem and identify the pertinent selection criteria.
Step 2: From the original decision matrix, obtain the normalized decision matrix, D ij using the following equation:
Step 3: Obtain the weighted normalized matrix, V ij .
Step 4: Derive the ideal (best) and the negative ideal (worst) solutions as follows:
where ( )
is associated with beneficial criteria and
is associated with non-beneficial criteria.
Step 5: Calculate the separation measures of each alternative from the ideal and the negative ideal solutions using the following equations:
Step 6: The relative closeness of an alternative to the ideal solution can be expressed as below:
Step 7: Based on the relative closeness measures, the alternatives are ranked in descending order, indicating the best and the worst choices.
Graph theory and matrix approach
Graph theory is a logical and systematic approach for modeling and analyzing different types of systems and problems as encountered in different fields of science and technology. On the other hand, the matrix approach is useful in analyzing the graph/digraph models expeditiously to derive the system functions so as to meet the objectives (Rao, 2007) . A digraph usually contains a set of nodes, N = {n i } and a set of directed edges, D = {d ij }. A node n i represents i th criterion and the edges represent the relative importance among the criteria. If i th criterion is having relative importance over j th criterion, a directed edge (d ij ) is drawn from i th node to j th node and vice-versa.
Matrix representation of a digraph gives a one-to-one representation of the entire problem. This is an NxN matrix and considers all the criteria (X i ) and their relative importance (x ij ). In general, if there are N number of criteria and the relative importance exist among them, then the following matrix can be constructed:
where X i is the value of i th criterion represented by node n i and x ij is the relative importance of i th criterion over j th one represented by edge d ij . In order to select the best alternative using this approach, the permanent of the above matrix is to be computed. The permanent function is the determinant of a matrix, but considering all the determinant terms as positive ones. If the decision matrix consists of five criteria, the expression for the permanent function can be written as below: 
The computational steps of the graph theory and matrix approach are given as below:
Step 1: Identify the pertinent selection criteria for the given problem and shortlist the alternatives on the basis of the identified criteria satisfying the requirements.
Step 2: After shortlisting the alternatives, find out the relative importance (x ij ) relation between various criteria and normalize the values of criteria (X i ) for different alternatives. a) Develop the related digraph considering the identified criteria and their relative importance. b) Construct the decision matrix for the developed digraph. This is an NxN matrix with diagonal elements of X i and off-diagonal elements of x ij . c) Obtain the permanent function for the matrix. d) Substitute x ij and X i values in the permanent function to evaluate the related indices for the considered alternatives. e) Arrange the alternatives in descending order based on the selection index values. The alternative having the highest index is the best choice.
VIKOR method
The VIKOR (the Serbian name is 'VIse Kriterijumska Optimizacija kompromisno Resenje' which means multi-criteria optimization and compromise solution) method (Zeleny, 2002 , Opricovic & Tzeng, 2004 , 2007 ) is developed to solve MCDM problems with conflicting and non-commensurate criteria, assuming that compromise can be acceptable for conflict resolution, when the decision maker wants a feasible solution that is the closest to the ideal solution and the alternatives can be evaluated according to all the established criteria. The following multiple attribute merit for compromise ranking is developed from the L p -metric used in compromise programming method (Rao, 2007) .
L and ,i L ∞ are used to formulate the ranking measure. The procedural steps for VIKOR method are as follows:
Step 1: Identify the major selection criteria and shortlist the alternatives.
Step 2: a) From the decision matrix, determine the best, (x ij ) max and the worst, (x ij ) min values of all the criteria. b) Calculate E i and F i values.
For non-beneficial criteria, Eq. (17) can be rewritten as:
where E i-max and E i-min are the maximum and minimum values of E i respectively, and F i-max and F i-min are the maximum and minimum values of F i respectively. v is introduced as weight of the strategy of 'the majority of attributes' (or 'the maximum group utility'). The value of v lies in the range of 0 to 1. Normally, its value is taken as 0.5.
d) Arrange the alternatives in ascending order, according to P i values. The best alternative is the one having the minimum P i value.
ELECTRE II method
The ELECTRE method (Roy & Vincke, 1981 ) is based on multi-attribute utility theory with the intention to improve efficiency without affecting the outcome while considering less information. It is a procedure that sequentially reduces the number of alternatives the decision maker is faced within a set of non-dominated alternatives. The aim of this outranking method is to find all alternatives that dominate other alternatives while they cannot be dominated by any other alternative. In ELECTRE method, every pair of the alternatives A i and A k is assigned a concordance index, c(i,k) which can be expressed as below:
where g j (i) and g j (k) are the normalized measures of performance of i th and k th alternative respectively with respect to j th criterion. Thus, for an ordered pair of alternatives (A i ,A k ), the concordance index, c(i,k) is the sum of all the weights for those criteria where the performance score of A i is at least as that of A k . A discordance index, d(i,k) is also calculated as given below:
Once these two indices are determined, an outranking relation S can be defined as: 
whereĉ andd are the threshold values as set by the decision maker. For an outranking relation to be judged as true, both the concordance and discordance indices should not violate their corresponding threshold values. The steps for ELECTRE method are described as below:
Step 1: Obtain the normalized values of all the criteria.
Step 2: Construct the outranking relations by following the concordance and discordance definitions, and develop a graph representing the dominance relations among the alternatives. In this graph, if alternative A i outranks alternative A k , then a directed arc exists from A i to A k .
Step 3: Obtain a minimum dominating subset by using the minimum concordance and maximum discordance indices.
Step 4: If the subset has a single element or is small enough to apply value judgment, select the final decision. Otherwise, steps (2)-(4) are repeated until a single element or small subset exists.
Step 5: If a full ranking of the alternatives is required, apply an extension of ELECTRE (ELECTRE II) method.
Calculate another two indices as follows:
a) Once these two indices are estimated, obtain two rankings on the basis of these indices.
b) Determine an average ranking from the two rankings, as obtained in step 5(a). c) Select that alternative which has the best average rank.
PROMETHEE II method
Preference function based outranking method is an MCDM approach that can provide a ranking ordering of the decision options (Rao & Patel, 2009 , Behzadian et al., 2010 . PROMETHEE I method can provide the partial ordering of the alternatives, whereas, PROMETHEE II method can derive the full ranking of the alternatives by using a net flow, though it loses much information of preference relations. The procedural steps of PROMETHEE II method are enlisted as below:
Step 1: Normalize the decision matrix.
Step 2: Calculate the evaluative differences of i th alternative with respect to other alternatives. This step involves pair-wise calculation of differences in criteria values between different alternatives.
Step 3: Calculate the preference function, ) ' ,
There are mainly six types of generalized preference functions, e.g. usual criterion, U-shape criterion, V-shaped criterion, level criterion, V-shape with indifference criterion and Gaussian criterion. But these preference functions require the definition of some preferential parameters, such as preference and indifference thresholds. However, in real time applications, it may be difficult for the decision maker to specify which specific form of preference function is suitable for each criterion. To avoid this problem, the following simplified preference function is used here:
where R ij is the performance of i th alternative on j th criterion in the normalized decision matrix.
Step 4: Calculate the aggregated preference function, ) ' , ( i i P j considering the criteria weights.
Step 5: Determine the leaving and the entering outranking flows as follows: 
The leaving flow expresses how much an alternative dominates the other alternatives, while the entering flow denotes how much an alternative is dominated by the other alternatives.
Step 6: Calculate the net outranking flow for each alternative.
Step 7: Determine the rankings of all the considered alternatives depending on the values of φ(i). Thus, the best alternative is the one having the highest φ(i) value.
Grey relational analysis
The initial step of GRA method is to translate the performance of all the alternatives into a comparability sequence. According to these sequences, a reference sequence (ideal target sequence) is defined. Then, the grey relational coefficient between all the comparability sequences and the reference sequence are calculated. Finally, based on these grey relational coefficients, the grey relational grade (GRG) between the reference sequence and each comparability sequence is computed. If a comparability sequence translated from an alternative has the highest GRG between the reference sequence and itself, that alternative will be the best choice. The procedural steps of GRA method are described as follows:
Step 1: Generate the grey relation using an appropriate normalization procedure.
Step 2: Define the reference sequence.
For j th criterion of i th alternative, if the value x ij is equal to 1, or nearer to 1 than the value of the other alternatives, the performance of i th alternative is the best one for that j th criterion. Therefore, an alternative will be the best choice if all of its performance values are closest to or equal to 1. The reference alternative is defined as x 0 .
Step 3: Calculate the grey relational coefficient.
Grey relational coefficient is used to determine how close x ij is to x 0j . The larger the grey relational coefficient, the closer x ij and x 0j are. It is calculated using the following equation:
where γ(x 0j , x ij ) is the grey relational coefficient between x ij and x 0j , Δ ij = |x 0j -x ij |, Δ min is the minimum value of Δ ij and Δ max is the maximum value of Δ ij . ζ is the distinguishing coefficient which ranges from 0 to 1 and generally, is taken as 0.5.
Step 4 Compute the GRG value as follows:
The GRG represents the level of correlation between the reference sequence and the comparability sequence. If the comparability sequence for an alternative gets the highest GRG value with the reference sequence, it means that the comparability sequence is most similar to the reference sequence and that alternative is the best choice.
Range of value method
The range of value method calculates the best and the worst utility for each alternative. This is achieved by maximizing and minimizing a utility function. The alternative having the highest u i value is the best choice.
Illustrative Example
This example (Bhangale et al., 2004) deals with the selection of the most appropriate industrial robot for some pick-n-place operations where it has to avoid certain obstacles. Performance of an industrial robot is often specified using different attributes. Repeatability, accuracy, load capacity, memory capacity, manipulator reach and velocity are observed to be the most critical attributes affecting the robot selection decision. Repeatability is the measure of the ability of a robot to return to the same position and orientation over and over again, while accuracy is the measure of closeness between the robot end effectors and the target point, and can usually be defined as the distance between the target point and the center of all points to which the robot goes on repeated trials. It is easier to correct poor accuracy than repeatability and thus, repeatability is generally assumed to be a more important attribute. Load capacity is the maximum load that a manipulator can carry without affecting its performance. Maximum tip speed is the speed at which a robot can move in an inertial reference frame. Memory capacity of a robot is measured in terms of number of points or steps that it can store in its memory while traversing along a predefined path. Manipulator reach is the maximum distance that can be covered by the robotic manipulator so as to grasp objects for the given pick-n-place operation. In this example (Bhangale et al., 2004) , five different robot selection attributes are considered as load capacity (LC), repeatability (RE), maximum tip speed (MTS), memory capacity (MC) and manipulator reach (MR), among which load capacity, maximum tip speed, memory capacity and manipulator reach are beneficial attributes (where higher values are desirable), whereas, repeatability is a non-beneficial attribute (where lower value is preferable). Thus, the industrial robot selection problem consists of five criteria and seven alternative robots, as shown in Table 1 . Bhangale et al. (2004) 
Simple additive weighting method
In this method, the performance scores for all the alternative robots are calculated using Eq. (2), as shown in Table 2 . Based on the descending values of the performance score, the alternatives are arranged as 2-3-1-5-7-6-4 which reveals that Cybotech V15 Electric Robot is the best choice followed by ASEA-IRB 60/2 robot. Robot 5 (Unimation PUMA 500/600) is the worst choice. 
Weighted product method
Using Eq. (3), the performance scores of the alternative robots are calculated, as given in Table 3 . When arranged in descending order according to the values of the performance score, the ranking of the alternatives is obtained as 2-3-1-4-7-6-5 which suggests that Cybotech V15 Electric Robot and ASEA-IRB 60/2 are the first and second best choices. 
Analytic hierarchy process
At first, in this method, all the alternative robots are pair-wise compared with respect to all the selection criteria using Saaty's 1-9 absolute scale of measurement. Table 4 shows such a pair-wise comparison matrix when all the considered alternatives are pair-wise compared with respect to 'load capacity' criterion. The last column of this table gives the priority weights (PW) as calculated using the steps shown in sub-section 3.3. Likewise, another four sets of priority weights are also obtained when the alternative robots are pair-wise compared with respect to the remaining four criteria, i.e. repeatability, maximum tip speed, memory capacity and manipulator reach. Now, these normalized priority weights of the alternative robots with respect to different criteria and the criteria weights are multiplied to yield the performance scores for the robots. The detailed calculations are given below.
[ ] After arranging these scores in descending order, the ranking of the robots is obtained as 3-2-1-5-7-6-4, indicating that Cybotech V15 Electric Robot is the best choice for the given application.
TOPSIS method
In this method, from the normalized decision matrix, the corresponding weighted normalized decision matrix is obtained, applying Eq. (8) and is shown in Table 5 . Now, using Eq. (9) and Eq. (10), the ideal and the negative ideal solutions are respectively computed, as given in Table 6 . Then applying Eq. (11) and Eq. (12), the separation measures of each alternative robot from the ideal and the negative ideal solutions are estimated, as shown in Table 7 . Finally, the relative closeness values of all the candidate robots with respect to the ideal solution are computed and are shown in Table 8 , which results in a ranking of robots as 1-3-2-5-7-6-4. This reveals that ASEA-IRB 60/2 is the best robot, followed by Cybotech V15 Electric Robot. 
Graph theory and matrix approach
Based on the five robot selection criteria, the corresponding robot selection digraph is developed, as shown in Fig. 1 . This digraph gives a graphical representation of the considered criteria and their relative importance for quick visual appraisal. Using an 11-point scale, as proposed by Rao (2007) , the matrix of Table 9 is developed which shows the relative importance between different criteria. The numerical value of the robot selection criteria function or the permanent function is called the robot selection index (RSI) which is a measure of degree or extent by which a robot can be successfully selected. The robot selection indices for different alternatives are calculated by solving the permanent function, as given in Eq. (15), while substituting the values of X i and x ij . The robot with the highest RSI value is the best choice. Table 10 shows the RSI values for the alternative robots, which gives a ranking as 2-3-1-5-7-6-4 showing that Cybotech V15 Electric Robot and ASEA-IRB 60/2 are the first and second best choices. 
VIKOR method
For solving this problem using VIKOR method, at first, the best and the worst values of all the criteria are identified. Now, the values of E i and F i are calculated using Eqns. (17) or (19) and (18) respectively, as given in Table 11 . Table 11 also shows the P i values (for v = 0.5) which when arranged in ascending order, gives a relative ranking of robots as 4-3-1-5-7-6-2. The best choice of robot for the given pick-n-place operation is robot 3 (Cybotech V15 Electric Robot). Yaskawa Electric Motoman L3C is the second choice and the last choice is robot 5 (Unimation PUMA 500/600). 
ELECTRE II method
To solve this problem using ELECTRE II method, the original decision matrix is first normalized. Then, using Eqns. (21) and (22), the concordance and discordance indices are calculated, as shown in Table 12 and 13 respectively. In order to obtain the full ranking of the alternative robots, the corresponding pure concordance and discordance indices are also computed, as given in Table 14 . The final ranking is obtained as 2-3-1-6-7-5-4. Cybotech V15 Electric Robot and ASEA-IRB 60/2 obtain the first and second ranks respectively. 
PROMETHEE II method
In this method, at first, using Eqs. (26) or (27), the preference functions are calculated for all the pairs of alternatives. Table 15 shows the aggregated preference function values for all the paired alternatives, computed using Eq. (28). Now, the leaving and the entering flows for different alternative robots are estimated, using Eqns. (29) and (30) respectively, and are given in Table 16 . Based on these leaving and entering flows, the net outranking flow values for the alternative robots are then determined, as given in Table 17 . The alternatives are now ranked in descending order according to the net outranking flow value, which results in a comparative ranking of robots as 3-2-1-5-6-7-4. Here, Cybotech V15 Electric Robot and Cincinnati Milacrone T3-726 are the first and second best choices. In this method, after normalizing the original decision matrix, the grey relational coefficients are calculated using Eq. (32), where the value of the distinguishing coefficient (ζ) is taken as 0.5. Table 18 shows the grey relational coefficients for all the alternative robots with respect to five different selection criteria. Now, the corresponding GRG values are determined, as shown in Table 19 . After arranging the GRG values in descending order, the ranking of the alternative robots is obtained as 2-3-1-5-7-6-4. Cybotech V15 Electric Robot is the best choice followed by ASEA-IRB 60/2. 
Range of value method
Here, the best and the worst utility functions for each alternative robot are calculated applying Eqns. (34) and (35) respectively. These are shown in Table 20 , where the midpoints of the best and the worst utility functions are also determined to obtain the comparative ranking of the alternatives as 3-2-1-5-6-7-4, when sorted in descending order. It reveals that Cybotech V15 Electric Robot and Cincinnati Milacrone T3-726 are the first and second choices respectively.
Table 20
Best and worst utility functions
Comparative Analysis
To determine the applicability and suitability of the ten above-cited MCDM methods to solve this industrial robot selection problem, their relative ranking performance are compared using the following measures: Using Spearman's rank correlation coefficient (r s ) value, the similarity between two sets of rankings can be measured (Sheskin, 2004) . Usually, its value lies between -1 and +1, where the value of +1 denotes a perfect match between two rank orderings. Table 21 shows the Spearman's rank correlation coefficients when the rankings of the alternative robots as obtained using all the ten MCDM methods are compared between themselves and also with respect to the rank ordering as derived by Rao (2007) . It is observed that the r s value ranges between 0.5952 and 1.000. The performance of WPM and TOPSIS methods are satisfactory with respect to r s value. Other MCDM methods also perform well. It is also observed that SAW is similar to GTMA and GRA, GTMA to GRA, and PROMETHEE II to ROVM with respect to their ranking performance. The relative performance of the ten MCDM methods with respect to the ranking of the alternative robots as obtained by Rao (2007) 
Fig. 2. Z values for different MCDM methods
The similarity of rankings obtained using the ten MCDM methods is also measured using Kendall's coefficient of concordance (z) value which lies from 0 to 1, where a value of 1 results in a perfect match (Hajkowicz & Higgins, 2008) . In this case, the value of Kendall's coefficient of concordance (z) is computed as 0.8583, which suggests that there is an almost perfect agreement between the considered MCDM methods. Rao (2007) Here, it does not matter which MCDM method has been used as the relative ranking will be more or less the same. As the decision maker may be sometimes interested to select the best robot as the single choice, another test is performed based on the agreement between the top three ranked robot alternatives. Here, a result of (1,2,3) means the first, second and third ranks match; (1,2,#) means the first and second ranks match; (1,#,#) means only the first ranks match; and (#,#,#) means no match. Table 21 shows the results of this test which indicates that PROMETHEE II results in the maximum number of mismatches with respect to the ranking of the top three alternative robots. The last test is performed with respect to the number of ranks matched, expressed as the percentage of the number of alternatives considered. These values are also shown in Table 21 . In this test, it is observed that GRA evolves out as the best MCDM method.
Conclusions
This paper studies the ranking performance of ten most well-known MCDM methods while solving an industrial robot selection problem. Four performance tests are conducted to measure the degree of agreement between the rankings derived by these MCDM methods. It is observed that although WPM, TOPSIS and GRA methods have slight advantage over the others, change of the MCDM method produces minor differences in the final ranking of the alternative robots. Thus, the rankings are not significantly affected by the choice of the MCDM method employed. The minor discrepancy that appears between the rankings obtained by different MCDM methods is only due to the difference in their mathematical modeling while solving a decision problem. Thus, the main focus must lie not on the selection of the most appropriate MCDM method to be adopted, but on proper structuring of the decision problem considering the relevant criteria and decision alternatives. The future scope of this paper may include comparing the relative permanence of the other newly developed MCDM methods, like Evamix, Regime, COPRAS (complex proportional assessment), LINMAP (linear programming technique for multi-dimensional analysis of preference) and NAIADE (novel approach to imprecise assessment and decision environments) while solving the robot selection problems.
